Motivation: Confocal microscopy has long provided qualitative information for a variety of applications in molecular biology. Recent advances have led to extensive image datasets, which can now serve as new data sources to obtain quantitative gene expression information. In contrast to microarrays, which usually provide data for many genes at one time point, these image data provide us with expression information for only one gene, but with the advantage of high spatial and/ or temporal resolution, which is often lostin microarray samples. Results: We have developed a prototype for the automatic analysis of Arabidopsis confocal images, which show the expression of a single transcription factor by means of GFP reporter constructs. Using techniques from image registration, we are able to address inherent problems of non-rigid transformation and partial mapping, and obtain relative expression values for 13 different tissues in Arabidopsis roots. This provides quantitative information with high spatial resolution, which accurately represents the underlying expression values within the organism. We validate our approach on a data set of 122 images depicting expression patterns of 30 transcription factors,
INTRODUCTION
The development and spatial patterning of an organism is tightly controlled by differential gene expression in individual tissues and cells. Although a variety of factors contribute to this control of gene expression (e.g. microRNAs and epigenetic factors), one of the fundamental mechanisms is the binding of transcription factors (TF) to the promoter regions of genes, and the resulting networks of transcriptional control. While traditional biology has analyzed connections in these networks using a bottom-up approach (e.g. gene knockouts or knockdowns), technologies such as microarrays provide data for the inference of regulatory connections through the analysis of expression levels-often referred to as a top-down methods. However, the established way of measuring gene expression by DNA microarrays frequently averages over areas with different expression signatures and does not provide cues as to preferred spatial expression. To obtain a thorough understanding of gene regulation, we must move beyond these limits towards an accurate and detailed description of spatiotemporal (4-D) gene activity and regulatory interactions. High throughput digital microscopy has begun to deliver large datasets describing where a gene is expressed at a particular stage in living organisms. We are now faced with the task of how to use this rich information resource in combination with computational approaches with the aim of elucidating regulatory interactions in the development of multicellular organisms.
The process of extracting information from images is not new and has been particularly established for biomedical problems; examples include the mapping of brain scans and the automatic identification of breast cancer tumors (Maintz and Viergever, 1998; Woods et al., 1998) . Recently, these techniques have begun to be adapted to molecular biology. In Drosophila, analysis of RNA in situ hybridization images has been used to identify expression patterns (Kumar et al., 2002; Peng and Myers, 2004) . Due to the variability in staining, in-situ patterns are not capable of providing accurate expression values and are more of a qualitative nature.
Fluorescent proteins, such as Green Fluorescent Protein (GFP), can be used to quantitatively visualize the expression of a gene (Chudakov et al., 2005) . It has been demonstrated that the intensity values from these fluorescent protein fusions are capable of recapitulating the underlying molecular biology of yeast with high confidence (Wu and Pollard, 2005) . Quantification of fluorescent proteins in yeast does not need to address issues of attenuation due to depth or multiple tissue regions that are present in multicellular organisms. Additional work in sea urchins has shown that, by using a known injected fluorescent standard, one can correct for this attenuation and provide accurate measurements (Dmochowski et al., 2002) . GFP reporter constructs have also been used to derive precise quantitative models of a small regulatory cascade in early Drosophila development (Jaeger et al., 2004) . This work has demonstrated the potential for extracting expression profiles from confocal images.
Here we present an approach to automatically obtain transcription factor expression levels from GFP confocal images in Arabidopsis. In particular, we will consider longitudinal images of the root region. We have chosen the Arabidopsis root as a model because it provides a distinctive spatial patterning of cell differentiation, allowing us to restrict the current analysis to 2-D cross-sections (Benfey and Scheres, 2000) . In addition, we also have a unique resource: tissue enriched microarray data at our disposition, which will provide a standard to validate our method (Birnbaum et al., 2003) .
In order to identify and correctly map root tissues, we employ image registration algorithms. Image registration is a very broad subject with many applications to biological and biomedical data (Maintz and Viergever, 1998; Zitova and Flusser, 2003) . After a brief overview of the data available to us (section 2), we describe the details of our registration process (section 3) to map an image onto a representative model-in our case, a labeled tissue map of a model Arabidopsis root. In section 4, we show that this method is capable of identifying and quantifying the expression profiles of 13 tissues in the Arabidopsis root, and we evaluate how well microarray and image-derived expression values correlate with each other. Section 5 addresses future developments and the implications of our results for the inference of regulatory mechanisms and pathways in multi-cellular organisms. An earlier version of this method was used in a large-scale study to assess the influence of post-transcriptional gene regulation on the expression of transcription factors (Lee et al., 2006) . This work differs by utilizing new methods that expand our identification from 4 to 13 tissues, and also allow for analysis of images taken from all regions of the root.
DATA

GFP promoter fusion
Using the coding sequence for GFP, transcriptional fusion constructs were created by attaching the promoter region of the gene of interest (3kb upstream of the translation start site or the intergenic region-whichever is shorter) to the coding region of the GFP gene. In contrast to translational fusions-which incorporate the GFP as a domain into the protein-transcriptional fusions function as a marker for mRNA expression. The constructs were inserted into the genome with the assumption that its transcriptional regulation will be similar to that of the endogenous gene. While this concept ignores some of the regulatory steps of gene expression (e.g. translational/transcription inhibitions, chromatin modification, etc.), previous work has shown that, in Arabidopsis, this type of construct recapitulates tissue specific gene expression with high fidelity (Lee et al., 2006) .
Images and image selection
The Arabidopsis images depict optical longitudinal sections of transcription factor GFP constructs taken from all three main zones of the root: meristematic (primary root growth and location of initials), elongation (elongation of cell size), and maturation (root hair growth) region (Figure 1 ). The use of longitudinal images allows us to identify 13 tissue regions (Figure 2 ): columella root cap, columella initials, cortex, cortex initials, endodermis, epidermis, lateral root cap, lateral root cap initials, pericycle, pericycle initials, stele, quiescent center (QC), and vascular bundle (VB) initials. Tissues that cannot be distinguished in longitudinal images are the atrichoblast and trichoblast (epidermis), and the xylem and phloem (stele).
Images are composed of three channels: a red channel highlighting cell wall boundaries stained using a dye, a green channel containing the GFP expression, and a blank blue channel. Selection of images for comparison were based on the following criteria:
The cell wall stain was strong on the external boundary and at least partially visible in the interior of the root. 
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Roots were centered and not heavily skewed to one side of the image.
Images were chosen from transgenic lines known to harbor detectable transcriptional fusions.
122 images representing 30 transcription factors met these criteria. 64 of them expressed in the elongation/maturation region, and the remaining 58 expressed in the meristematic region. To segment roots into the 13 tissue regions, we used an atlas image which contains a tissue map for a representative Arabidopsis root. We created this atlas by fusing two high resolution images: one of the meristematic zone up to the elongation zone, and one from the elongation zone to the maturation zone. Within this composite image, we marked the tissue regions as depicted by a standard template (Figure 2 ).
Fluorescent Activated Cell Sorting (FACS)
The tissue-specific microarray data is collected using a Fluorescent Activated Cell Sorting technique (Birnbaum et al., 2003) . Arabidopsis roots with GFP expression enriched for a particular tissue are run through a fluorescent activated cell sorter. FACS separates cells expressing GFP from non-GFP expressing cells, obtaining the enrichment of cells from a individual tissue. RNA from the sorted cells is then analyzed on a microarray, providing tissue enriched gene expression data. Eight tissue regions were common to both image registration and the tissue enriched gene expression data: columella root cap, cortex, endodermis, epidermis, lateral root cap, pericycle, quiescent center (QC), and stele. We will refer to these expression values as T GFP and T FACS . The five tissues not present in the microarray data are the initials: columella initials, cortex/endodermis initials, lateral initials, pericycle initials, and vascular bundle initials. Due to lack of promoters specific to each type of initials, it is not currently possible to use FACS to isolate initials. Differences on what constitutes a specific tissue exist between the FACS and GFP data. First, the overall area that expression is averaged over differs: not all GFP lines used for FACS are expressed ubiquitously across all regions of the root, and the region the image is taken from might not encompass the full range that the FACS data is obtained from. Second, some GFP lines used for sorting have a partial inclusion of additional tissues that leads to a slightly convoluted FACS measurement for that tissue. Despite these minor differences (see supplementary data for full details), the regions are treated as homologous.
Results scoring metric
2.4.1 Registration scoring metric To determine the accuracy of the registration process, we modify a commonly used accuracy measure called Test Point Error (TPE) (Zitova and Flusser, 2003) . TPE measures the accuracy of the registration process by creating a set of homologous points with the atlas image that are not used in the registration process itself, but are used as an accuracy measure for the registration process. Our modification to the TPE does not use fixed points themselves, but instead marked regions. These marked regions are a subset of the total cells in the image, manually chosen based on their clearly distinguishable cell boundaries by an expert. As a result, not all tissue regions may be marked due to difference in quality of staining and localization of images (8 tissues are specific to the meristematic region and are not present in elongation/maturation images). Our scoring method is formally defined as total/matched where
Iða i ¼ b i Þ allowing I to be the indicator function equaling 1 if a i ‚b i are equal and 0 otherwise and total = size(s) with i 2 s if a i ‚b i 2 ½1‚13. The numbers 1-13 refer to a unique tissue, and 0 to no tissue mapping available (either a cell wall or a region outside the root).
FACS scoring metric
The quality of GFP derived expression values will be assessed by comparison to respective FACS microarray data. By treating each data source as a random variable where each tissue is a sample (i.e. X ¼ T GFP and Y ¼ T FACS ), we can calculate the Pearson correlation value between the two data sets for every image. Comparing the correlations on the level of each image is required, as variations in gain, laser power, and pinhole settings between images (used to obtain maximum visual contrast) prohibit large scale correlation calculations. Images from the elongation and maturation zones did not contain GFP measurements for three of the tissue regions (QC, columella root cap, and lateral root cap), and both FACS and GFP measurements for these tissues were not included in the Pearson Correlation calculation.
METHODS
The system to quantify tissue-specific expression from images consists of three main steps. First, noise from the imaging process or normal root growth must be removed. Second, roots are registered to a master atlas image. Third, using the registered image and the atlas image, GFP levels are quantified, and tissue-specific expression values are obtained.
Noise removal and contour detection
Noise can result from the imaging process itself (such as blurring, the addition of speckle noise, etc.), or due to variability which naturally occurs in the root and which would present a difficulty during the later image registration stages. Morphological operators such as image closing, restoration, and thresholding are applied on all channels to eliminate the general noise present from imaging. Two types of root variability exist that provide difficulties with registering the images: boundary cells and root hairs. Boundary cells are lateral root cap cells that have detached themselves from the rest of the root. This is a natural process as the boundary cells provide the lubrication needed for the root to penetrate the soil. Once removed from the tissue layer, these boundary cells often adhere to, or reside in close proximity to, the outer cell walls-making it difficult to accurately detect the shape of the actual root. (2000)).
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Unlike boundary cells (which have lost the connectivity and henceforth any cell signaling pathways), root hairs are a viable part of the root. Their occurrence along the longitudinal axis is not very predictable, which impedes any type of accurate registration process.
To remove these variabilities, we adapt a snake/active contour model. A snake is an iterative contour detection algorithms that can grow and shrink based on a set of force balancing equations (Kass et al., 1988) . We use an improved active contour model called a Gradient Vector Field Snake, or GVF (Chenyang and Prince, 1998) . Expanding on previous snake algorithms, a GVF snake is governed by two sets of forces: internal forces (such as elasticity/rigidness of the growing contour) and external forces (an external constant pressure force, viscosity, and a gradient vector field). With the exception of the gradient vector field, all parameters for these forces are user defined but kept constant for all images in the data set. A gradient vector field is a modification of a standard first order gradient edge map, in which the radius of the force field is increased. This causes it to extend its influence on the snake algorithm to areas outside those in close proximity to an edge.
For the gradient edge map, we use the external contour of the root. This contour is determined by performing a watershed segmentation (Luc and Pierre, 1991) on the image-segmenting the individual cells and background into different regions. For our current image set, we can safely assume that the region with the largest area can be labeled as background. In addition, regions with an area greater than one sixth and mean red and green intensity less than twice of the largest one are also labeled as background, to take cases into account in which the root partitions the background into two or more regions. Regions not fitting this criterion are considered part of the root. This creates a contour that contains all the root hairs/boundary cells which we seek to remove (Figure 3b , black outline). To initialize the starting contour for the snake algorithm, we perform a morphological erosion on the filled object. Due to differences in magnification/image size, this erosion is performed using a disk structuring element with variable size, which is set to 0.35 times the diameter of the root. This internal contour still contains some of the noise from the root hairs/boundary cells, but provides a smoother initial contour (Figure 3b , red outline). The algorithm is then run for a number of iterations adjusted to the size of root diameter (Figure 3c) . By tuning the parameters of the snake algorithm (in particular, the elasticity/ rigidness) once for our application, the final active contour can be adjusted so that it minimizes the amount of noise from boundary cells/root hairs. The resulting image is a clean smoothed external contour that does not contain root hairs/boundary cells (Figure 3d ).
Registration
After removal of general noise and standardization with respect to boundary cells and root hairs, we can proceed with registering the images 
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to an atlas image. Two major issues must be considered for this registration process. First, the roots grow in a curved fashion, bending and twisting in response to the environment that they are growing in. This poses a non-rigid registration problem. Second, the images in the data set show different regions of the root, corresponding to a partial mapping problem. Nonrigid registration requires the calculation of complex transformation fields and cannot be solved by simple affine movements (e.g. scale, rotation, translation, etc.). Partial mapping requires the registration of an image under missing information-i.e. with occlusion of the object, or images showing only parts of a complete object (which is the case here). These two problems of non-rigid transformation and partial mapping are often mutually exclusive, and as such, we deal with them separately.
3.2.1 Non-rigid registration To allow roots to be aligned to a master atlas image, they need to be straightened. In order to do this, we will use a nonrigid transformation algorithm called Thin Plate Splines (TPS) (Bookstein, 1989) . TPS is a transformation function which is derived from the physical bending energy of thin plates. TPS require a set of homologous points between a standard image and a reference image. A deformation field can be created based on the distance between the homologous points. This deformation field is then applied to every pixel in the entire image.
Successful straightening and registration using TPS is highly dependent on the set of homologous points that one chooses. Determining which, and how many, points to use for this mapping is referred to as feature detection. Successful feature detection for image registration requires that features are easily identifiable and abundant. This is often a problem with biomedical data, as the images do not contain features that fit these criteria (Zitova and Flusser, 2003) . In our case, however, after the removal of boundary cells and root hairs, the contour of the root provides a source of features that fit both of these criteria.
Given the situation of partial mapping, as is the case for the root images, we encounter the problem of how to define a set of homologous points for the TPS. We address this by choosing a set of unique points for every image. This total feature set is then used to automatically derive a new set of points describing a straight root. Our feature set will contain two groups of features: a modification of the major axis endpoints (which we will refer to herein as the extreme points), and pairs of cross-sectional cuts, which are defined as the locations on the contour that result from the orthogonal bisection of the medial axis of the root.
The medial axis transformation (MAT) algorithm can provide us with the knowledge to derive these features (Ogniewicz and Ilg, 1992) . The MAT function determines the medial axis by calculating the distance between every point in the interior of the object to the contour elements. The minimum distance of an internal point to its closest contour element is defined as the Voronoi distance. When the set of Voronoi elements is greater than one, i.e. the shortest distance to the contour is shared by two or more contour elements, it is considered part of the medial axis. To adapt for the partial occlusion of the images, the end points of the external contour are determined and the image is extended to create a new image three times the size of the original image, with the original being centered in the middle. Starting at the end points of the contour, we extend it into the added regions. Unlike traditional replicate padding of images, the extensions of the contour provide a better estimate of our expected shape of the root, and henceforth, a more accurate MAT estimate. While our initial noise removal algorithm is efficient in removing contour noise, the MAT is very sensitive to perturbations in the boundary of the object (e.g. natural distortions, small noise), and an additional step of pruning the MAT is required for removing any small branches. The extended regions are then removed.
Using the MAT, we can calculate a set of cross-section pairs. The MAT is treated as a continuous contour, and its curvature angle is calculated by using a standard first order derivative. Orthogonal lines are then drawn from the MAT, intersecting with the smoothed contour of the root. The intersection occurs on both sides of the root providing us with a pair of points where each point consists of an x and y component denoted as ½x i ‚y i . We will refer to this as a cross section pair: p i ¼ fl i ‚ r i g, where l i ‚ r i are the points on the left and right side of the contour respectively and P ¼ fp 1 ‚ . . .‚p n g is the set of all cross section pairs (Figure 3e ). The curvature of the root contour, in combination with the partial imaging of the root, leads to a subset of the cross-sectional pairs being incomplete as one of the pairs is occluded by the imaging process. To eliminate this abnormality, the location where pairs become occluded is determined for both ends of the roots. All regions of the root beyond this threshold are removed, resulting in an adjusted contour with blunt cut ends for those sides where occlusion was present.
This process leads to the set of cross-sectional cut points which we subsequently use to determine the remaining features-the extreme points of the root. Most major-axis algorithms for determining extreme points of objects are not appropriate here due to both the nonrigidness as well as the partial occlusion of the roots. The medial axis is trimmed to 70% of its normal size to eliminate small perturbations occurring at the ends. Using both end points of the trimmed medial axis, the extreme points are extrapolated to intersect with the new adjusted contour of the root labeled as E ¼ fe t ‚ e b g-the top and bottom end points respectively. These intersection points represent the extreme points of the root, and by definition, partition the root into two separate sides (Figure 3f ).
Given this feature set selected from a given image, we can proceed to create a homologous mapping to an approximately straight root. The original set of points can be separated into two groups: the extreme points of the image E ¼ fe t ‚ e b g (teal points Figure 3f ), and the pairs of cross-section pairs P ¼ fp 1 ‚ . . .‚ p n g (green dots Figure 3e ). We define a new set of points M based on their location along the root, as the ordered set of the middle point between each cross-section pair c i ¼ ½ 
Using these middle points and distance functions, we can now define a new set of straightened points E Ã ‚ P Ã ‚ M Ã . We additionally use a parameter a x , defined as the medial x-axis location of the image. Starting from the point furthest away from the tip of the root, we set the x-coordinates of our homologous middle points to this medial axis m 
g provides a mapping from our original image F ¼ fe t ‚ p 1 ‚ . . .‚p n ‚ e b g onto a straight root (Figure 3g ).
This homologous mapping of points finally provides us with the information needed to perform the TPS transformation. A transformation field is calculated from these sets of points and is applied to every pixel in the image. Due to the complexity and memory requirements of the TPS function, the two extreme points and a subset of the cross-sectional pairs (15 equidistantly spaced pairs) are used. The resulting image has eliminated most of the curvature and non-rigid abnormalities that exist on the contour of the root (Figure 3 ).
Partial mapping
The final registration process addresses an affine registration between two images: the straightened root we have just obtained from the TPS registration, and the master atlas image which provides the tissue label information. An affine registration consists of minimizing a scoring metric. Traditional affine registration parameters encompasses rotation, skew, scale (both in x and y), and translation (both in x and y). In the process of root straightening, the TPS has already restricted the transformations required to register the root. Fixed along the center of the image with the root tip pointing to the bottom of the image, rotation, skew, Quantification of transcription factor expression from Arabidopsis images e327 and translation in x have already been determined. We assume that the scale is the same in both the x and y coordinates and will be treated as one parameter. The remaining degrees of freedom are then the translation along the y-coordinate and the scale of the image.
The affine scoring metric is motivated by the Hausdorff score for partial mapping (Huttenlocher et al., 1993) . The Hausdorff scoring metric is formally defined as: where i denotes a subgroup of points and A and B are points in our image and atlas respectively. The first group is the subset of points we used for the TPS straightening, i.e. the contour of the root A 1 ¼ P Ã . For images taken from the meristematic region, the second group is a single point denoting the center of QC that is placed by an expert after the TPS process (
). This placement of a marker is currently necessary, as the internal cell staining is not robust enough to automatically determine its location. This leads to the full set of points:
Ã g. Identical contour and QC markers are pre-determined and marked in the atlas image B ¼ fB 1 ‚B 2 g ¼ fp i ‚ . . .‚ p n ‚ qg. A number of numerical optimization algorithms are appropriate; here we use a Particle Swarm Optimizer (PSO) (Kennedy and Eberhart, 1995) . We limit the range of scale values from 0.1 to 10, and translation values from 0 to 2500. The optimization converges in less than 400 iterations (Figure 4d ).
Quantification
We now have two images with identical dimensions, from which we proceed to extract expression values. The first image is the expert created atlas image describing the tissue map of the root (Figure 4c ). The second is the result of the affine registration, with the green channel detailing our gene expression values (4d). For every pixel in the registered image, the intensity value is summed and binned according to the tissue map as defined by the homologous point in the atlas image. The thirteen tissue expression values are normalized by dividing the total expression values by the total area that each tissue region occupies (4e). This helps to normalize against the occlusion of certain tissue layers due to imaging and provides standardization similar to microarray data.
Image processing/data analysis
Most of the image analysis was carried out using the Matlab Image Processing Toolbox (IPT), with the exception of the Thin Plate Splines 
DISCUSSION
We applied this prototype to a data set of 122 GFP images depicting the expression of 30 transcription factors in different regions of the root. For 7 out of the total data set of 122 images, the system was unable to eliminate noise and perform the straightening. This was due in most part to boundary cells/root hairs being present at the edges of the images-a known limitation of our noise removal algorithm. For images requiring QC marking, we were unable to unambiguously locate the QC region in 5 of the images. The remaining 110 images were passed on to the second phase of registration and quantification. Figure 5 shows the scatterplot of registration score on the x-axis and FACS correlation score on the y-axis. The majority of the images were successfully registered to the master atlas image: The mean registration score was 0.93, i.e. only 7% of the root is mapped to the wrong tissue type. The FACS correlation scores had a mean of 0.64. Considering that with exception of the QC marker, no root feature was manually marked to help register the images, the high accuracy of the registration process is very encouraging. It is notable that low registration scores do not necessarily lead to bad FACS correlation values: a mis-registration of a tissue layers may occur in a location where there is no GFP expression and have no effect on the correlation score.
While the FACS correlation scores had an overall good average of 0.64, a portion of these were rather poor. It is apparent from Figure 5 that several of these lowly correlated values are clustered within image groups of the same gene or line, suggesting potential issues with the promoter fusion of the GFP reporter constructs, or with the probe for the FACS data. The mean correlation score of 0.64 is reminiscent of previous studies for expression analysis, where it was found that correlations between platforms varied from 0.46 to 0.83 (Kim, 2003; Park et al., 2004; van Ruissen et al., 2005) .
Lowly expressed genes. Poor correlation scores between platforms are frequently contributable to various sources of noise in different expression analysis platforms, and are increasingly observed for low expression values. Limiting our correlation calculation to FACS data where the median tissue expression is greater than 150 (used as noise threshold for Arabidopsis microarray data (Lee et al., 2006) ) we increase our mean correlation to 0.70, thus reaffirming that lowly expressed values are more likely to have a negative effect on our correlation scores. In addition to the standard noise conditions present in microarray experiments (e.g. hybridization, background fluorescence, probe ambiguity etc.), a potential source arises from the FACS sorting of the data. While traditional microarray experiments use one sample per experiment, our data set requires 8 different sorting and microarray experiments, increasing the likelihood for biological variability. 
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Part of the noise in the FACS comparison originates from our approach to quantifying expression levels. Autofluorescence in the plant results in a mean background noise of 5-20% of the maximum possible intensity value in the green channel. On examining the images with the lowest correlation values, we noticed that a majority of these were from images with GFP expression levels barely above this autofluorescence level, suggesting that the correlation values were skewed by the background in the green channel. In addition to this background noise, our method did not take into account the attenuation due to depth which affects the inner tissues of the root, such as the endodermis, pericycle and stele. An initial simple approach to normalizing these regions by multiplying the tissue types by 1.3, 1.4 and 1.5 respectively increased our mean correlation score from 0.64 to 0.7. A comprehensive study of this problem may therefore lead to a more systematic correction of GFP derived expression values.
Taken together, this suggests that improvements in increasing the signal to noise ratio in the green channel are paramount for the GFP quantification of lowly expressed genes.
Tissue-specific expression differences. The remainder of the lowly correlated genes suggests some inconsistencies in our images as well as in our approach in normalization of the data. Failure to differentiate between expression in the pericycle and endodermis can lead to low correlation values between the data sets. This occurs when large pinhole settings during the imaging lead to longitudal images showing expression in both tissue regions, but where radial images show expression in only one. This problem tends to occur in a subset of the images for a given gene. Visual inspection confirmed that low correlation values for some genes expressed above background were not caused by problems with the image analysis, but by actual differences in expression values as reported by microarrays and GFP. Such differences can originate from reporter constructs which do not fully recapitulate the expression of the native gene, or due to discrepancies in the tissue-specific expression data. In either case, our system can serve as helpful resource to point out and quantify such problems.
Cells versus tissues. Finally, the current normalization of expression by total tissue area can blur expression which only occurs in a subset of the tissue. A representative example was the gene AT2G37590, where GFP expression resided in a subset of the stele region as compared to uniform expression across the whole tissue ( Figure 6 ). When its expression was averaged over the whole stele, it barely exceeded the background noise level. It should be noted that microarray data is prone to the same issue-in the example, it showed expression in the stele at a value of 179, again barely above the background threshold of 150.
SUMMARY/OUTLOOK
In this paper, we have presented a system for the automated quantification of gene expression levels from digital images of GFP reporter constructs. As a proof of concept, we successfully performed an automated registration of Arabidopsis roots, derived tissue-specific expression values of transcription factors, and demonstrated that these values correlate well with microarray expression data. The data set used for this evaluation was only of modest size. However, the number of images in gene expression databases of other model organisms organisms (Tomancak et al., 2002) is easily on the order of tens of thousands, which demonstrates the growing need to adapt image analysis to problems in computational biology. In addition to the biological significance of our methodology, we have presented a unique approach to both a partial mapping as well as a non-rigid registration problem. The combination of these two problems often requires one to manually annotate images prior to registration.
Developing a universal method for image registration across all types of images is considered an intractable problem (Zitova and Flusser, 2003) . Image registration often utilizes domain specific information-incorporating unique modifications in the image registration process to adapt for differences that are inherit to a specific set of images. In our model, we have adapted methods in noise removal, feature detection, and feature mapping that are specific to the elongated, symmetric shape of Arabidopsis roots. However, it is expected that the series of algorithms used in our approach will be 
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useful for other confocal images, particularly for approximately symmetric objects.
Many of the difficulties with quantification of GFP (attenuation to depth, large pinhole settings) can be addressed by expanding our work to 3D. Efforts are under way to scale up microscopy and imaging from one 2-D cross-section to a stack of images. All image processing algorithms used in our system were chosen because they offer adaptations to 3D image processing. In addition to the increase in precision for our quantification, the expansion to 3D will also allow us to differentiate our stele measurements into xylem and phloem, as well as our epidermis measurements into atrichoblast and trichoblast.
We note that our current method requires a step of manually marking the QC region in images taken from the meristematic region. Improvements in cell wall staining will likely allow for the automatic detection of this region using image segmentation algorithms, such as the watershed algorithm, to identify individual cells. Current attempts to automatically identify this region are not robust enough given the present staining technology. This is exemplified by the fact that several of the QC regions could not even be manually annotated by an expert and were subsequently removed from the analysis. An alternative here is to use a second fluorescent marker which is constitutively expressed in the QC cells. Adequately registering images on cellular resolution will also allow us to identify differential expression of genes within tissues (cf. Figure 4 (yellow and green framed images) and Figure 6 ).
Our system was evaluated using the 8 tissues common between the image and microarray data sets. In total, our image analysis identifies 13 unique tissues. As mentioned, the five tissues not common are the initials of the root, for which it is currently not possible to obtain specific microarray data. This is another example where our method can truly complement available expression data for the understanding of Arabidopsis development.
We have chosen to validate our model with a series of images taken at arbitrary time points. However, the largest benefit of using GFP reporters and automated image processing for expression analysis is that expression can be monitored in a living organism. In the long term, we plan to further develop our system to be part of an anticipated large scale effort to study transcription factor expression in root development under a variety of environmental conditions. As such, a system to quantify GFP expression values will provide the basis for the computational biology of spatiotemporal gene expression (Bar-Joseph, 2004 ) and the high resolution elucidation of transcriptional regulatory networks.
